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Abstract — One important step in understanding gene
regulation is the identification, for each transcription factor, of
its DNA binding sites. Commonly used approaches for
addressing this challenge are based on consensus sequences and
PSSM. Here, we develop a novel approach that involves
training SVM classifiers to distinguish between true and false
binding sites based on sequence-specific chemical features of
DNA. These features characterize 3D structure and the
molecular interaction field of DNA with small probes. These
features are calculated using molecular dynamics simulations.
Training data include known binding sites documented in
RegulonDB. Compared with conventional methods, we find
significantly fewer false positives.
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An important step in characterizing a genetic regulatory
network is to identify, for each transcription factor (TF),
its DNA binding sites. Commonly used approaches involve
consensus sequences and position-specific scoring matrices,
in which DNA binding sites are represented as letter
sequences. However, letter sequences are not designed or
intended to capture the chemistry and physics of protein-
DNA interaction.

TFs usually recognize specific DNA sequences through
direct contact between bases and amino acids. TFs can also
recognize DNA conformation. To model DNA sequence-
dependent conformation, we use six rigid-body parameters to
describe the geometry of complementary base pairs and
sequential base pairs steps. Nearby bases will affect these
parameters. We determine 3D structures for all 3-mers and
4-mers embedded within flanking GC sequences using the
NAMD software tool for molecular dynamics based on
CHARMM?27 force field parameters. The geometry
parameters for the middle base are estimated through the
average structures. To characterize the sequence-dependent
molecular interaction field around DNA, we place a small
probe at specific location and the interaction energy between
DNA and the probe can be estimated using the molecular
force field. Using the average structures of all 3-mers from
molecular simulations, we define S as the space around the
middle base (see figure 1) and place probes at different
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locations within S. We recorded the minimum interaction

energy when probes are moved within S, which is defined as,
P = mlP O(r)

and the interaction score as,
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where is the potential at point r. g
The integration will be

performed over the space Figure 1. Computation of

molecular interaction potential

outside of the DNA backbone,
which is defined by molecular surface. We use the GRID
software tool to estimate and using different probes, such
as alkyl hydroxyl OH group, methyl CH3 group, aliphatic
neutral amide group, etc. For middle base within all possible
3-mers, the 6 geometrical parameters and the probe-based
parameters are computed and tabulated. For the middle base
steps within all possible 4-mers, the 6 geometrical
parameters are also tabulated.

For a given set of known binding sites for a
transcription factor, the sites are transformed into weight
vectors for both strains, which are positive examples. We
then randomly picked background sequences from the
genome, and transformed these sites into negative examples.
Support vector machine (SVM) will be used to build
classifiers to distinguish positive from negative examples,
and the classification model will be used to scan for novel
binding sites.

The method has been implemented for 55 TFs of
Escherichia coli documented in ReglonDB to have greater
than four binding sites. Negative examples are taken from
the non-coding sequences of the E. coli genome. ~0.2% of
the negative examples, randomly chosen, are used in
training. SVM with linear kernels are built and these models
are then used to predict new binding sites in the genome. For
comparison, we also implemented four other methods: the
method of Berg and von Hippel (BvH) [1], Match [2],
MATRIXSEARCH [3] and QPMEME [4]. Compared to
these methods, the new method produces fewer expected
false positives.
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